ABSTRACT: The tick Ixodes ricinus (L.) is the most important vector of tick-borne zoonoses in Europe. Apart from factors related to human behavior, tick abundance is a major driver of the incidence of tick-borne diseases in a given area and related data represent critical information for promoting effective public health policies. The present study analyzed the relationship between different environmental factors and tick abundance in order to improve the understanding of I. ricinus autecology and develop spatial predictive models that can be implemented in tick-borne disease prevention strategies. Ticks were sampled in 27 sites over a four-year period and different environmental variables were studied. Five simple models were developed that explain a large part of variation in tick abundance. Precipitation seems to play the most important role, followed by temperature, woodland coverage, and solar radiation. Model equations obtained in this study may enable the spatial interpolation and extension of tick abundance predicted values to sites of the same area, in order to build regional predictive maps. They could also be useful for the validation of large-scale spatial predictive maps. Journal of Vector Ecology 40 (1): 107-116. 2015.
INTRODUCTION
The tick Ixodes ricinus (L.) has a wide distribution range (Gray 1991) and is the most important vector of tick-borne zoonoses in Europe Jongejan 1999, Piesman and Eisen 2008) . It can transmit many pathogens including the bacterium Borrelia burgdorferi sensu lato, the causal agent of Lyme borreliosis (LB) and the arbovirus causing tick-borne encephalitis (TBE). LB and TBE are the vector-borne pathogens with the biggest impact on human health in Europe (Randolph 2001 (Randolph , 2006 and are both endemic in the northeastern Italian Alps (Beltrame et al. 2005 , D' Agaro et al. 2009 , Hudson et al. 2001 , Nazzi et al. 2010 , Piccolin et al. 2006 .
Apart from factors related to human behavior, tick abundance and prevalence of tick-borne pathogens in ticks are the main drivers of the incidence of a disease in a given area as they are related, respectively, to the risk of tick bite and the probability of becoming infected following a tick bite. Several authors have investigated the relationship between presence and diffusion of tick-borne diseases and tick abundance. For example, Jaenson et al. (2009) concluded that nymph abundance can be used to assess risk for human exposure to LB and Hubálek et al. (2003) proposed regression models in which LB incidence data are related to the frequency of recorded ticks, both Borrelia infected or not. These relationships seem to hold also in the northeastern Italian Alps, where significant correlations were found between tick abundance and the risk of both LB and TBE (D' Agaro et al. 2009 , Hudson et al. 2001 , Nazzi et al. 2010 , Rizzoli et al. 2002 .
Therefore, data about tick abundance, together with prevalence of tick-borne pathogens, represent critical information for promoting effective public health policies against tick-borne diseases. Unfortunately, the determination of such data through direct sampling is usually expensive, even at a small scale. Thus, statistical and biological models are a very useful time-and money-saving tool, if developed according to state of the art ecological knowledge and methods (Estrada-Peña et al. 2013) . For this reason, several environmental variables (both biotic and abiotic) that could influence ticks and tick-borne pathogens have been investigated so far. Some examples of factors affecting tick abundance or the risk of disease transmission include climatic and meteorological conditions (Estrada-Peña et al. 2012 , Gern et al. 2008 , Gray et al. 2009 , Kiewra et al. 2014 , Randolph 2008 , Randolph and Storey 1999 , Schulz et al. 2014 , vegetation type (Boyard et al. 2011 , Jaenson et al. 2009 , Tack et al. 2011 , topographic features, such as elevation, slope, and aspect (Gilbert 2010 , Jouda et al. 2004 , Materna et al. 2005 , Morán Cadenas et al. 2007 , and tick host species, particularly small mammals and deer (Bolzoni et al. 2012 , Jaenson et al. 2009 , Jensen and Jespersen 2005 , Knap and Avšič-Županc 2013 , Ostfeld et al. 2006 . Studies regarding the relationship between ticks and environmental variables have already been carried out in the southern Alps (Carpi et al. 2008 , Hudson et al. 2001 , Merler et al. 1996 , Nazzi et al. 2004 , Rizzoli et al. 2002 , Tagliapietra et al. 2011 . Friuli Venezia Giulia, the northeastern-most part of this region, is located at the intersection of three major biogeographic areas (Mediterranean, central European, and Balkan area) and presents a marked heterogeneity of some environmental conditions (Poldini et al. 2006 , Polli 1971 . This makes it possible to study the effects of some environmental factors while keeping most of the others constant. Moreover, the northeastern Italian Alps lie on the border of TBE virus distribution area and present both TBE-positive and TBE-free sites (D' Agaro et al. 2009 , Nazzi et al. 2010 . Therefore, environmental, biogeographic, and sanitary reasons suggest the opportunity of a deeper examination of this region. The present study analyzed the relationship between different environmental factors and I. ricinus abundance, in order to improve the understanding of the autecology of this species and develop spatial predictive models that can be implemented in tickborne disease prevention strategies.
MATERIALS AND METHODS

Study area
The study area is located in a mountain region of northeastern Italy, where the Alps rise at a very small distance from the Adriatic Sea (Figure 1 ). Also, due to this unusually short distance, the area is characterized by a variety of climatic conditions in a relatively small surface (Polli 1971) . For example, the average annual precipitation reaches 3,100 mm/year in some localities and drops to 1,500 mm/year in others (Cicogna 2008 , Stefanuto 2003 . Such variability, along with heterogeneous morphological features, is reflected by a large habitat diversity (Poldini et al. 2006) . Mixed woodlands cover most of the study area and open meadows are located at the bottom of main valleys and around villages. Habitats taken into account in this study were mixed woodlands (with both coniferous and broad-leaf trees) and ecotones at the interface between woodlands and meadows (in which grass was normally very tall and scattered shrubs were present).
Tick samplings
Tick samplings were carried out from 2008 to 2011 in 27 sites located close to towns or villages in the main valleys of the entire area ( Figure 1 , Table 1 ). In each site, ticks were sampled by dragging a 1.0 x 1.0 m white synthetic fleece fabric blanket on 200 m 2 of both a woodland and an ecotone, stopping every 50 m 2 to check the blanket and collect attached ticks. Since a bimodal distribution of I. ricinus nymphs is frequently observed along the season in Europe (Gray 1991) Table 1 ).
set of sites never exceeded two weeks. All collected ticks were transported to the lab, grouped by life-stage and identified under the stereomicroscope using the keys of Manilla (1998) and Iori et al. (2005) . The relative abundance of ticks in each year for each site was estimated by dividing the number of nymphs and adults collected in ecotones and woodlands during spring and autumn samplings by the total sampled surface. Data are expressed as the number of nymphs and adults per 100 m 2 . Larvae were not considered in the calculation of tick abundance, primarily because nymphs and adults are by far the developmental stages of highest interest from a practical point of view, being both potential human biters and disease transmitters. Moreover, it is more difficult to collect larvae in a standardized manner with the blanket-dragging method (Tack et al. 2011) , and this makes data about their abundance less consistent.
To confirm the reliability of our sampling strategy, additional periodical samplings were performed in seven out of 27 sites. In these locations, samplings were carried out every four weeks, from March to November (ten dates each year). Then, in these sites, tick abundance calculated on the basis of all dates was compared to that estimated based on only two sampling dates, which, according to our preliminary results, coincided with the peaks of tick activity and had been selected for the sampling in all 27 sites.
Variables considered in building the regression models
According to published data reviewed in the introduction, the following predictors were taken into account for a potential correlation with tick abundance (additional information about these variables is reported in Table 2 ).
Precipitation and temperature. Monthly and annual averages of precipitation, number of rainy days, and temperature.
Elevation and slope. Average elevation value and average slope value, calculated based on a 40 x 40 m grid Digital Elevation Model (DEM) of the region under study.
Habitat variables. Calculated from the "Carta Natura del Friuli Venezia Giulia" (a map of habitats coded according to the Corine Biotopes European classification; scale 1:50000). In previous studies conducted in the same area, the main differences in tick abundance were found between woodlands and open habitats, irrespective of the different types of woodlands or meadows (data not shown). Consequently, in this study, habitats were aggregated in seven classes: wetlands and freshwater habitats; synanthropic habitats; woodlands and forests; heathland and shrub habitats; meadows and pastures; inland cliffs, rocks, screes, and snow patches; mires, bogs, and fens. Habitats were originally provided in vector data format and subsequently rasterized to a 40 m cell. In order to control that surface signal was not distorted, a comparison between areas covered by each habitat before and after the rasterization was performed. Variables calculated from this map were coverage of woodlands, meadows, and synanthropic habitats and total length of ecotones between woodlands and meadows.
Solar variables. Monthly and annual averages of solar radiation and sun hours were considered because of their potential influence on the dynamics of many environmental processes (e.g., air and soil temperature and moisture, snow melting, photosynthesis, and evapotranspiration) (Hofierka and Šúri 2002) . Solar variables were calculated with 'r.sun, ' the solar radiation model distributed with GRASS GIS. This model computes maps of all three components of potential solar radiation (beam, diffuse, and reflected) for clearsky and includes terrain and terrain-shadowing effects (Hofierka and Šúri 2002) . Maps were computed using the above-mentioned regional DEM, a random sub-set of daily data of radiation measures for model calibration, another sub-set of these data for the validation of the resulting maps, and meteorological data for the calculation of the average reduction of solar energy due to cloudiness (only for the solar radiation maps).
Density of ungulates. Data from the annual census of the Friuli Venezia Giulia region (number of animals within 100 hectares of agro-silvopastoral land).
Coordinates. Latitude and longitude. Given the restricted area under study, no correlation would be expected between geographic coordinates and tick abundance. Nevertheless, they were considered in model building because their possible correlation with tick abundance could be regarded as an indication that some underlying factors have not been considered (for example, differences in substrate across the studied area).
All data were computed using the Database Management System PostgreSQL + PostGIS and the free Geographic information system packages GRASS 6.4, QuantumGIS 1.8.4, AdB ToolBox 1.6.4, gvSIG 1.10.
Pre-selection of the variables
At first, different variables describing the same environmental feature were calculated. Then, in order to reduce multicollinearity, a pre-selection of these variables was performed, maintaining only those showing the highest correlation with tick abundance. Variables chosen at the end of this process are reported in Table 2 . Solar radiation and sun hours were both maintained, since their values were only slightly correlated with each other.
Regression models building
Pre-selected variables were all tested for their potential influence on tick abundance in each sampling site, according to the linear regression model. Data analysis was performed with the statistical software Minitab, version 16 (Minitab Inc., State College, PA). Candidate models were identified using the bestsubsets regression analysis that examines all possible subsets of the predictors; the best regression equations were selected according to several criteria, including adjusted-R 2 and Mallow's Cp. Among the models that best fit observed data, those with the weaker biological significance and interpretability were discarded. The parsimony principle was also considered, so that models with fewer variables were preferred if the adjusted-R 2 was only slightly lower than that of the less parsimonious models. To test for multicollinearity, both the correlation matrix and the variance inflation factor (VIF) of the predictor variables were considered and models presenting correlated variables were discarded. Eventually, in order to determine whether they were adequate and if the assumptions of regression were met, the resulting models were further checked examining residual plots and other diagnostic statistics reported in Table 3 .
Finally, in order to validate the selected models and evaluate them as potential tick abundance spatial predictive models, predicted-R 2 for each model was examined. This coefficient of determination indicates how well a model predicts responses for new observations and thus can prevent overfitting the model. Table 2 . Additional information about variables considered for their possible influence on tick abundance. Unless otherwise specified, data present a grid resolution of 40 x 40 m and refer to a 500 m radius buffer around each sampling site. In addition to the 500 m buffer, variables related to woodland, meadow, and ecotone were also calculated on 1,000 and 2,000 m, in case a bigger buffer size was more appropriate to account for the high mobility of some tick hosts. Last column reports the variables chosen at the end of the pre-selection process. Actually, it is calculated from the PRESS (sum of squares of the prediction residuals) statistic, by systematically removing each observation from the data set and estimating the regression equation from the remaining ones, then determining how well the model predicts the removed observation using the fitted regression function. Analysis of predicted-R 2 falls into the category of 'leaveone-out' cross validation methods.
RESULTS
Tick abundance
Overall, 21,863 I. ricinus ticks (20,604 nymphs and 1,259 adults) were sampled in this study. Only a few specimens belonging to other species (primarily Ixodes (Scaphixodes) frontalis (Panzer)) were found and were not taken into account in subsequent analysis.
The significantly higher abundance of ticks in woodlands compared with ecotones, already observed in a parallel study of Nazzi et al. (2010) , was confirmed here on a wider scale (twotailed paired Student's t-test: t = 4.83, DF = 26, P < 0.01) (Figure 2 ).
Additional periodical samplings carried out in seven sites revealed a bimodal seasonal dynamic of ticks in the study area with a spring peak occurring between April and June and a smaller autumn peak in October/November. In these sites, tick abundance as calculated using only spring and autumn samplings correlated well with that estimated based on ten sampling dates (2008: R 2 = 0.91, P < 0.003; 2009: R 2 = 0.95, P < 0.001; 2010: R 2 = 0.91, P < 0.001; 2011: R 2 = 0.66, P < 0.03). This confirmed the appropriateness of using only two sampling dates for the calculation of tick abundance in the whole set of sites (n = 27).
Since tick abundance data for each site were consistent across the years (Figure 3) , the mean tick abundance over the four-year period was used for model building.
Regression models
Selection procedures led to five regression models that proved to be the best among all the possible combinations of predictor variables. These models are represented by the following equations, where "A" corresponds to the abundance of nymphs and adults per 100 m 2 of sampled surface of ecotone and woodland (mean of the years from 2008 to 2011 (Table 4 ), so that they explain a large part of variation in tick abundance. In particular, model n.1 is the best one, also considering the adjusted-R 2 (useful to compare models with different numbers of predictors). Total regression P-values for each model are lower than 0.001, and P-values for each predictor variable are lower than 0.05, except in two cases that anyway are lower than 0.10 (Table 4) . Furthermore, the examined statistics and graphs (Table 3) indicate that normal distribution of residuals, constancy of variances, independence of errors, and other regression assumptions are all met for these models. Also, cross validation produced good results, predicted-R 2 being always high, in particular for model n. 1 (the best to predict tick abundance at the regional level considered in this study).
DISCUSSION
Tick abundance
The higher tick abundance in woodland areas compared with ecotones, already observed in previous studies (Nazzi et al. 2010) , is confirmed here. Although a potential influence of ground vegetation on the efficiency of the sampling method in woodlands and ecotones cannot be ruled out (Tack et al. 2011) , data most likely confirm a preference of I. ricinus ticks for habitats with higher protection from direct solar radiation and with slower reaction to changes in temperature and humidity (Gray 1991 , Randolph 2008 .
The great variability in tick abundance among sites ( Figures  2 and 3) , that is certainly due to the variety of conditions characterizing the considered region, gives more support to the choice of carrying out such a study in this area, as outlined in the Table 4 . Relevant attributes of the selected models. (rhombi, 2008; squares, 2009; triangles, 2010; circles, 2011) . Grey bars represent the mean tick abundance for each site over the four years period.
introduction.
Considerations about the variables
Selected models allow focusing on the environmental variables that most affect tick abundance. Below are some considerations about them as well as the less influential ones.
Precipitation. For each selected model, precipitation is the most influential variable (more than 50% of the variability is explained by it: see model n. 5), suggesting a strong link between rainfall and tick abundance. This is not surprising, because moisture, which is conditioned also by rainfall, can influence both tick behavior and survival (Randolph and Storey 1999) . In this study, the average total annual precipitation over a period of 40 years shows a higher correlation with tick abundance compared to other related variables (monthly and annual number of rainy days and monthly average precipitation). Nevertheless, other estimators, such as total length of dry periods, may deserve further attention. Other studies showed that "saturation deficit" (an index that integrates temperature and relative humidity) is correlated with tick abundance and activity (Gern et al. 2008 , Randolph and Storey 1999 , Tagliapietra et al. 2011 ). However, saturation deficit is difficult to calculate, requiring data about relative humidity, which are hard to obtain or predict for large areas. For this reason, sometimes, proxy variables, such as the Normalized Difference Vegetation Index, are used instead of saturation deficit. In this study, precipitation was used as a proxy of the humidity at ground level; this choice was corroborated by the significant (P < 0.001) high correlation (R 2 = 56.6%) between rainfall and tick abundance, based on an extensive sampling, in several sites (n = 27), for a few years (n = 4) (Table 4, model n. 5). The predictive value of the resulting models (models n. 1 to n. 4) improves with the addition of further variables such as solar radiation, temperature, and woodland coverage, that are known to influence relative humidity and saturation deficit.
Temperature and elevation. In general, elevation negatively affects temperature, as confirmed by the high negative correlation found in this study (data not shown); for this reason, models with both variables were discarded. Elevation does not appear in the selected models, whereas temperature characterizes models n. 2 and n. 4. Temperature is recognized as a critical factor for tick survival and development (Gray 1991 , Randolph 2008 ), but the negative coefficient found here seems to indicate a preference of ticks for cooler conditions. This is somewhat surprising but could be explained by the location of sampling sites that lie at the bottom of valleys and never reach very high elevations where the lowest temperatures are expected. Other temperature-related estimators, such as day-degree summations or daily and seasonally changing rates, should be analyzed in future studies to better investigate the influences of temperature on tick abundance.
Woodland, meadow, ecotone, and synanthropic habitats. Among all the 'habitat variables' considered in the study, only the percentage of wooded area within a 2,000 m radius buffer appears in two models (n. 1 and n. 3). In general, if compared to open habitats, woodland is regarded as a more suitable environment for I. ricinus development and survival (Gray 1991) due to its suitability for tick hosts and to the presence of a ground layer that provides high relative humidity. It is therefore not surprising that an increase in woodland coverage in the surroundings of sampling sites corresponds to higher tick abundances. Interestingly, the variables 'Meadow' and 'Ecotone' did not appear in any of the best models, indicating a lower importance of these habitats in determining tick presence. Similarly, the percentage of synanthropic habitats did not correlate (even negatively) with tick abundance, but this could be related to the fact that all sites were embedded in a semi-natural area characterized by very few environments associated with human presence.
Slope and solar variables. The variable 'Slope' is not present in the best models, although very steep slopes are probably not favorable for ticks, because of their low suitability for tick hosts and the high water drainage resulting in low substrate humidity. However, such effects are probably noted only for the steepest slopes, which were not met in this study (slopes of sampling sites never exceeded 55%, with most sites that presented values lower than 40%). Anyway, the effect of slope is partially incorporated in the variables solar radiation and sun hours. Models n. 1 and n. 2 indicate that solar radiation positively influences the presence of ticks, possibly because of the longer favorable season for tick development in areas more exposed to the sun. The effect of sun hours is less clear: the negative coefficient (model n. 1) is probably due to the roughness of this variable, which fluctuates a lot along the year.
Other variables not appearing in the selected models. Analysis of the R 2 coefficients (Table 4 ) reveals that the variability of the observed data is not fully explained by any considered model; therefore, we can assume that further influential factors were not taken into account. In particular, considering the importance of hosts in I. ricinus dynamics (Bolzoni et al. 2012 , Jaenson et al. 2009 , Jensen and Jespersen 2005 , Knap and Avšič-Županc 2013 , Ostfeld et al. 2006 , the absence of the variable 'Ungulates' among the predictors included in the best models is somehow surprising. This is most likely due to the low quality of available data, rather than a supposed ecological irrelevance: in fact, these data refer to the municipality in which each sampling site lies and not to the specific sites and are determined by somewhat inaccurate methods. Therefore, further studies should include more precise data about ungulate populations and, if possible, other data about the presence of small mammals. Finally, geographical coordinates never appear in the selected models, indicating that tick abundance is not related to the site position itself (as it is expected given the restricted area under study).
General and final considerations
The incidence of tick-borne diseases exhibit considerable geographical variation (Gray et al. 2009 , Piesman and Eisen 2008 , Randolph 2001 , 2006 . This is due to several factors that act at different spatial scales and influence both the contact between humans and ticks and the presence and abundance of the pathogenic agents. Therefore, a deeper comprehension of this complex of risk factors may be achieved only considering a range of spatial scales and splitting the ecological components from others, such as socio-economic conditions that could influence human behavior (Randolph 2006) . Among the ecological factors that affect the contact between humans and ticks, tick abundance is likely the most important one and was therefore considered in this work. Models developed here could represent a useful component to be implemented in public health programs against tick-borne diseases: these model equations may enable the spatial interpolation and extension of the predicted values of tick abundance to sites of the same regional area not directly sampled. These results appear even more promising in view of the fact that tick abundance appears to be correlated with the incidence of some tick-borne diseases (see some examples reviewed in the introduction).
Given the high climatic and geomorphologic heterogeneity of the area under study, the results of this research could also be widened to neighboring areas, provided that additional calibration and validation are performed to account for possible changes in environmental conditions outside the range of values considered here. Of course, as highlighted by Estrada-Peña et al. (2006) , the presence of other populations (clades or ecologically related clusters) of ticks that respond differently to the same factors, having different environmental preferences, should be carefully considered in this case.
Furthermore, although this study focused on a small regional scale, the selected models could be useful on a larger scale too. Indeed, to improve their performances, large-scale spatial predictive maps should be developed based on partial models for different ecoregions (Estrada-Peña et al. 2006) . Therefore, studies at a small scale, such as the present one, could be used to build up or validate general models. Moreover, due to the higher spatial resolution, they can consider data that may not even be available at a larger scale, allowing a finer resolution in the analysis of the underlying causes of ticks and tick-borne diseases patterns.
In addition, some conclusions about variables influencing the distribution of ticks can be drawn. In fact, even if the selected equations represent statistical models, they can well be interpreted, under a biological point of view, as mathematical descriptors of tick autecology. In particular, this study confirmed the relevance of factors such as precipitation, temperature, presence of woodland areas, and solar radiation. On the other hand, despite the high statistical significance of these model equations, part of the total variation in tick abundance was not explained, possibly because of some missing factors. In particular, the use of more reliable data on distribution of I. ricinus hosts, combined with an efficient model for the estimation of atmospheric moisture at the ground level, would certainly produce better results. However, it should be noted that the models selected here already use variables that provide information about these two components, since temperature, precipitation, and solar radiation could be considered proxy estimators for the moisture, and woodland is somewhat related to tick hosts. Certainly, the results suggest the opportunity of an in-depth examination of the variables whose impact is less clear. Finally, it would be interesting to make a future comparison between these models and analyses based on multispectral high-resolution remotely sensed imagery.
